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Relaxation of constraint conditions in inverse reinforcement learning
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Inverse Reinforcement Learning (IRL) is a promising framework for estimating a reward function under the given
optimal policy. An original idea of IRL is proposed by Russell et.al. where the constraint conditions are calculated
by comparison of the difference of maximum Q-value and other Q-value of a state over the whole states. In a large-
scale environment, it becomes difficult to solve by increasing the number of constraints due to the increase in the
number of states. In this paper we propose a relaxation method of constraint conditions in inverse reinforcement
learning. In the proposed method, important constraint conditions extracts from original constraint conditions
and reconstructs the optimization problem using them. Then, we show the effectiveness of our method via maze
problem.Through computer experiment, we found that the important constraint conditions exists the state where
there are multiple optimum behaviors close to the start state.
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